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Abstract— Automated Machine Learning (AutoML) has emerged as a powerful solution for 
overcoming the complexity and expertise dependency in building machine learning (ML) 
models. This research focuses on AutoML Pro, a streamlined pipeline designed for efficient 
data processing and precision model optimization for regression and classification tasks. The 
proposed system integrates automated data preprocessing, feature selection, model training, 
hyperparameter tuning, and model evaluation, ensuring accuracy and scalability. Leveraging 
state-of-the-art techniques such as correlation-based feature selection, dropout regularization, 
and TensorFlow-based neural networks, AutoML Pro enhances both the performance and 
interpretability of ML models. Experimental results demonstrate its capability to handle 
diverse datasets with minimal manual intervention while achieving high precision in predictive 
analytics. Applications in financial forecasting, healthcare diagnostics, and industrial 
automation validate the versatility and efficacy of AutoML Pro. 

I. INTRODUCTION 

The exponential growth of data in the contemporary era has fuelled the demand for precise and scalable machine 
learning models. Fields like healthcare, finance, and industrial automation are increasingly leveraging ML 
systems for tasks such as disease diagnosis, stock price prediction, and quality control. However, the traditional 
process of building ML systems involves intricate and time-intensive stages such as data preprocessing, feature 
engineering, and model selection. This dependency on domain expertise, coupled with challenges like overfitting 
and computational inefficiency, limits the accessibility and effectiveness of ML applications. 
Automated Machine Learning (AutoML) addresses these challenges by automating the end-to-end ML pipeline, 
reducing manual intervention, and optimizing workflows. AutoML Pro extends the capabilities of traditional 
AutoML systems by offering streamlined data processing and precision model optimization for regression and 
classification tasks. By integrating advanced techniques such as correlation-based feature selection and dropout 
regularization, the system ensures enhanced generalization and predictive accuracy. 
This paper explores the design and implementation of AutoML Pro, highlighting its core features, 
methodologies, and results across multiple domains. The study aims to provide actionable insights into the 
deployment of automated pipelines for real-world applications. 
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II. LITERATURE SURVEY 

Recent advancements in machine learning have introduced several foundational techniques that enhance the 
performance and efficiency of ML models. Dropout is a key regularization method that prevents overfitting in 
deep learning models by randomly deactivating neurons during training. It has shown significant improvements 
in generalization across applications like vision and speech recognition.[1] Correlation-Based Feature Selection 
introduced a technique to identify the most relevant features while minimizing redundancy. This approach 
improves the efficiency of ML models, especially in handling high-dimensional datasets.[2] Neural Architecture 
Search (NAS) methodologies, which automate the design of optimal neural networks. These techniques focus on 
search strategies and hyperparameter optimization, enabling efficient and scalable model architectures.[3] 
Automated Data Cleaning framework to handle missing values and outliers, ensuring data quality and reliability, 
which are critical for robust ML pipelines.[4] TensorFlow-Based Neural Networks scalability and efficiency in 
training neural networks, particularly for binary classification tasks, enabling improved accuracy and ease of 
use.[5] 
These contributions collectively provide the foundation for advancements in automated machine learning 
(AutoML) pipelines, enhancing model generalization, efficiency, and scalability. 

III. METHODOLOGY 

AutoML Pro consists of five core components: 

A. Data Preprocessing 

Handling missing Values implements imputation techniques such as mean, median, or predictive modelling to 
address missing data. Outlier Detection uses statistical methods to identify and handle outliers. Label Encoding 
converts categorical variables into numerical formats for compatibility with ML algorithms. Normalization 
scales numerical features to standard ranges to ensure uniformity in model input. 

 
Fig 1: Data Preparation 

B. Feature Selection 

Correlation-based analysis identifies features with the highest relevance to the target variable while minimizing 
redundancy. Dimensionality reduction applies Principal Component Analysis (PCA) for high-dimensional 
datasets to enhance computational efficiency. 

 
Fig -2: Feature Selection 
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C. Model Training and Hyperparameter Optimization 

Algorithm Selection supports multiple algorithms such as support vector machines (SVM), decision trees, 
random forests, and neural networks. Hyperparameter Tuning utilizes grid search and Bayesian optimization to 
identify optimal parameter configurations. Ensemble Methods combines models using techniques like boosting 
and bagging to improve performance. 

D. Neural Network Integration 

Dropout Regularization mitigates overfitting by randomly dropping units during training, ensuring robust 
generalization. Tensorflow-based models employ neural networks for complex classification tasks, enabling 
higher predictive accuracy. 

E. Model Evaluation and Deployment 

Metrics: Evaluate regression models using Mean Squared Error (MSE) and classification models using accuracy, 
precision, recall, and F1-score. Deployment provides seamless deployment options via APIs and cloud 
platforms. 

 
Fig-3: Core Components of AutoML 

IV. EXPERIMENTAL SETUP 

A. Datasets 

AutoML Pro was tested across diverse domains to demonstrate its versatility. In healthcare, it predicted patient 
outcomes using electronic health records (EHRs). In finance, it forecasted stock prices based on historical data. 
In industrial automation, it detected anomalies in manufacturing processes, showcasing its adaptability and 
effectiveness in varied real-world applications. 
Implementation Details: 
 Frameworks: TensorFlow, Scikit-learn, and Pandas were used for implementation. 
 Hardware: Experiments were conducted on a system with 16-core CPUs, 64 GB RAM, and NVIDIA GPUs 

for accelerated computation. 
 Metrics: Regression tasks were evaluated using Mean Squared Error (MSE), while classification tasks were 

assessed using accuracy, precision, recall, and F1-score. 

 
Fig -4: Implementation of model 
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B. Model Evaluation 

To evaluate AutoML Pro's performance, experiments were conducted using datasets from Healthcare, Finance, 
and Industrial Automation domains. These datasets include regression and classification tasks to assess the 
system’s ability to streamline data processing and precision model optimization. 
The following models were tested for regression tasks: Linear Regression, Decision Tree Regressor, Random 
Forest Regressor,Support Vector Regressor 
For classification tasks, the models included: Logistic Regression, Decision Tree Classifier ,Random Forest 
Classifier, Support Vector Machine 

C. Results 

Healthcare Domain 
Achieved 92% accuracy in predicting patient outcomes. F1-score exceeded 0.91, demonstrating robust 
generalization and reduced false negatives. 

Finance Domain 
Achieved a 14% reduction in MSE compared to traditional ML models in stock price forecasting. Improved 
prediction reliability by incorporating ensemble methods and advanced feature selection. 

Industrial Automation Domain 
Successfully identified anomalies with 96% precision and 94% recall, ensuring high fault detection rates. 
Demonstrated scalability by processing datasets with over 1 million records efficiently.   

D. Comparative Analysis 

AutoML Pro outperformed existing AutoML frameworks in key aspects: 
Ease of Use: Reduced manual intervention by 60%, streamlining the ML pipeline. 
Efficiency: Reduced training times by 25%  due to optimized hyperparameter tuning. 
Accuracy: Achieved up to 12% higher predictive accuracy for classification tasks and a 15% reduction in error 
for regression tasks. 

E. Model Performance 

Regression: To analyse regression models, Root Mean Squared Error (RMSE) was used as the evaluation metric. 
The following bar chart demonstrates the performance of models in terms of RMSE, highlighting how AutoML 
Pro selects the optimal model with the lowest RMSE for regression tasks. 

 
Fig 5. Model Performance Comparison (Regression) 

The chart compares RMSE values across four regression models. The Random Forest Regressor achieves the 
lowest RMSE, indicating superior predictive accuracy. 
Random Forest shows the best performance in minimizing RMSE. Support Vector Regressor shows the highest 
RMSE, highlighting its inefficiency for this dataset. 
The following line chart (Fig-5) visualizes the predicted values versus true values for different regression 
models. This comparison illustrates how well each model approximates the actual target values. 
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Fig 6. Regression Model Predictions 

The chart shows the predictions made by Linear Regression, Decision Tree Regressor, and Random Forest 
Regressor against the true target values. The Random Forest and Decision Tree predictions align closely with the 
actual data, demonstrating their reliability. 
Linear Regression exhibits significant deviations for higher feature values. Decision Tree and Random Forest 
provide more accurate approximations. 
Classification: For classification tasks, accuracy was used as the evaluation metric. The performance of the 
classification models is visualized in the following bar chart. 

 
Fig-7: Model Performance Comparison (Classification) 

The chart compares classification accuracy for models such as Logistic Regression, Decision Tree Classifier, 
Random Forest Classifier, and Support Vector Machine. The Random Forest Classifier achieves the highest 
accuracy (79%), demonstrating its suitability for classification tasks. 
Random Forest provides the most accurate classification results. Support Vector Machine underperforms relative 
to other models. 

V. RESULTS AND DISCUSSION 

A. Performance Metrics 

Regression Tasks: AutoML Pro achieved an average reduction of 15% in Mean Squared Error (MSE) compared 
to traditional ML workflows. 
Classification Tasks: The system demonstrated an accuracy improvement of 12% over baseline 
models, with F1-scores consistently exceeding 0.9. 
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B. Scalability 

AutoML Pro processed large datasets with over 1 million records efficiently, highlighting its scalability for 
industrial applications. 

C. Interpretability 

The inclusion of correlation-based feature selection provided insights into the most significant predictors, 
enhancing model interpretability for end-users. 

VI. CONCLUSION 

This study presents AutoML Pro as a comprehensive and efficient solution for automating the ML pipeline for 
regression and classification tasks. By integrating advanced techniques such as dropout regularization, 
correlation-based feature selection, and automated hyperparameter tuning, the system addresses critical 
challenges in ML workflows, including overfitting, scalability, and interpretability. Experimental results validate 
the efficacy of AutoML Pro across multiple domains, demonstrating its potential for real-world applications in 
healthcare, finance, and industrial automation. Future work will explore the integration of advanced NAS 
methods and adaptive learning mechanisms to further enhance the system’s capabilities. 
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